Abstract-Building a sustainable modern electricity sector is a key part of the United Nations' 2030 Sustainable Development Goals. Smart meters are expected to contribute to the achievement of this goal by providing new demand-side management opportunities for utilities. Attempting to address existing gaps in the extant literature, this paper examines the effects of metering technologies and demand-side management program investments using panel data from 87 American electricity utilities for the period 2009-2012. Our model provides strong explanatory power with respect to energy efficiency, and shows that automated meter reading (AMR) devices, advanced metering infrastructure (AMI) devices, direct program costs, and incentive costs all have a positive influence on energy efficiency effects. In contrast, the results for load management are largely insignificant, with the exception of incentive costs that has a small, but significant, negative impact on peak load reductions. We discuss the implications and potential research directions arising from these findings, in particular, the need to consider interactions between different demand-side programs and the influence of different types of information technologies that are emerging as part of the smart grid.
I. INTRODUCTION

M
UCH LIKE clean air to breath and water to drink, energy has become an essential resource of our modern society, so much so that the United Nations identified "access to affordable, reliable, sustainable, and modern energy for all" as one of the 17 sustainable development goals (SDGs) for 2030 [1] . Electricity is one of the most important energy types and it continues to be the fast-growing form of end-use energy consumption. Global demand for electricity in the residential sector is projected to increase 1.4% annually to 2040 [2] . Beyond simply meeting increasing demands, the electricity sector has much work to do in order to achieve the SDGs, particularly in relation to sustainability and climate change. In 2014, 30% of the United States' greenhouse gas emissions came from the electricity sector as about 67% of its electricity production was generated primarily from fossil fuels, such as coal and natural gas [3] . Attaining the goal of sustainable electricity depends in part on the achievement of a modernized electricity sector, or "smart" grid. The smart grid is the next generation electricity grid that "enables bidirectional flows of energy and uses twoway communication and control capabilities that will lead to an array of new functionalities and applications" [4] . It is estimated that the electricity industry spent $18 billion on deploying smart grid technology in the United States from 2010 to 2013 [5] , and the development of the smart grid has raised expectations that the transformation needed to achieve national energy security goals in conjunction with global sustainability goals is possible.
Smart grid strategies to improve the sustainability of the electricity sector can target both supply-side (e.g., generation) and demand-side (e.g., consumption) activities, thus, allowing the smart grid to play a significant role in a low-carbon future [6] . In regard to the former, the smart grid can support the integration of distributed generation and more variable energy sources, such as wind and solar, while maintaining system reliability. In the case of the latter, information and communications technologies associated with the smart grid can facilitate changes in energy consumption. Recent developments of the smart grid allow demand-side management (DSM) techniques to be implemented more effectively and permit the use of new strategies [7] . These techniques encourage the reduction of the total electricity demand and contribute to smoothing peak load curves, both of which will contribute to lower carbon emissions [8] .
Among the different information and communications technologies involved in bringing the smart grid to fruition, smart meters have received a significant amount of attention (e.g., [9] - [12] ) as they represent one of the first and most tangible signs of the smart grid. There were 58.5 million smart meters in place in the United States in 2014 [13] , and globally, it is estimated that 800 million smart meters will be installed by 2020 [14] , making them an important preoccupation for the industry. The relationship between smart meters and improved DSM is complex and multifaceted. In general, the goal is to use smart meters to reduce electricity consumption at an overall level, as well as during critical peak load periods [15] , without significantly reducing the service experienced by customers. To these ends, utilities may use a range of DSM strategies, from conservation and energy efficiency programs to more active demand response initiatives. Smart meters are important enabling devices particularly when integrated into broader energy efficiency or DSM programs and policies [16] , [17] . For example, smart meters can support utilities' efforts by providing the technological integration, two-way communications, and analytical and automated decision-making, so-called "technology solutions" [15] . In addition, smart meters can also provide more detailed information to consumers regarding their consumption of electricity and allow for more informed decisions. These latter functionalities have been referred to as "technology-enabled behavioral solutions" [15] . With technology-enabled behavioral solutions, the influence of smart meters complements and interacts with other DSM programs put in place by utilities, such as education, financial incentives, and variable pricing regimes.
Despite the perceived benefits of smart meters with respect to DSM, research findings to date are inconclusive. A study based on cross-sectional data from U.S. utilities reveals the presence of both positive and negative relationships between different metering technologies and energy efficiency effects [9] . Lang and Okwelum [15] suggest that technology solutions may provide the largest reductions in peak load and overall consumption because consumers only have one decision to make (e.g., whether or not to participate), rather than having to engage in a series of decisions over time; however, behavioral reactions to technology solutions may offset some of the benefits [15] . Furthermore, Dyson et al. [10] suggest that due to significant customer heterogeneity, demand response programs should be targeted rather than implemented on mass to maximize cost effectiveness. Given this uncertainty and the importance of building a sustainable, modern electricity sector and the equivocality in the extant literature, additional research is warranted.
The goal of this paper is to contribute to the continued development of the smart grid by examining the impact of smart metering technologies on utilities' DSM performance, in relation to both energy efficiency and load management programs. We use panel data econometrics to perform this analysis over the years [2009] [2010] [2011] [2012] . As compared to cross-sectional analyses, panel data allows for the identification of impacts that may arise over time as the technology is adopted and appropriated by utilities and their customers. In addition, our analyses, which also take into account utilities' investments in DSM programs, provide a more comprehensive view of the relationships between smart grid technologies, DSM program characteristics, and energy savings. For instance, our analytical results will allow a utility to determine the amount of energy efficiency savings that may be achieved by investing an additional dollar into energy efficiency programs, all other factors being equal. As new technologies become available, it will be essential for utilities to understand these relationships so that they can effectively design and tailor their DSM programs to achieve specific performance goals. Our findings also contribute to academia by highlighting areas in which the benefits of smart grid technologies are present and where they remain to be developed. In this respect, our paper provides direction to engineering and information systems scholars who will work collaboratively with the electricity sector to achieve an affordable, reliable, sustainable, and modern energy system for all. This paper is structured as follows. Section II reviews the relevant literature as a foundation for the study. Section III presents the research methodology. Section IV describes the results of the study. Section V discusses the findings and their implications. To conclude, Section VI presents the contributions, limitations, and future research directions arising from this paper.
II. LITERATURE REVIEW
A. Overview of DSM in Electricity Sector
DSM is a collection of strategies and techniques aimed at altering "customer's electricity consumption patterns to produce the desired changes in the load shapes of power distribution systems" [18, p. 1245] . Passive DSM involves attempts to permanently reduce the overall demand for electricity, without considering short-term fluctuations in demand, while active DSM techniques are more proactive as they seek to alter short-term demand in anticipation of changes in peak loads. Passive DSM strategies typically focus on conservation and energy efficiency. These strategies encourage consumers to reduce their total electricity consumption through education, or incentives, such as tax rebates. Consumers may also be encouraged to switch to more energy efficient appliances (e.g., refrigerators, furnaces) offering the same services while demanding less electricity. Conservation and energy efficiency programs have been used for decades by utilities and are relatively inexpensive, with reports suggesting that the cost of energy efficiency programs is around $0.03/kWh [19] .
Alternatively, innovations in the smart grid are permitting more active DSM approaches, referred to as load management, or demand response programs. Demand response implies shortterm changes in the pattern of end-use electricity consumption in response to grid conditions [10] . Demand response, such as controlling use of air conditioning equipment, can provide significant flexibility to the grid by reducing demand during peak demand periods and shifting it to another time [10] . In this type of program, a utility monitors aggregate electricity demand using real-time data from automated meters and determines when demand is reaching the limits of their supply. Then, a signal is sent to consumers to request a reduction in consumption, such as by shutting off equipment (e.g., appliances) or postponing their use to a lower demand (off-peak) period. Consumers may grant utilities permission to control systems or appliances (e.g., hot water tanks, pool pumps) directly, or they may decide on a case-by-case basis whether to respond to a particular request by their utility. Utilities may encourage their consumers to participate by implementing time of use (or real-time use) pricing or other financial incentives. Active DSM strategies, such as load management, rely more strongly on information technologies because effectively balancing supply and demands requires not only finer grain and real-time data, but also some form of automation [20] .
Although energy efficiency and demand response approaches represent two distinct DSM strategies, research suggests that they are complementary [21] and could offer utilities additional benefits when used in conjunction with each other. For example, although most demand response programs are not designed to focus on total energy consumption, many of these programs also deliver at least small energy conservations effects [22] . These effects occur in part due to the feedback mechanisms associated with demand response programs: With proactive strategies, customers receive additional direct usage information that increases their energy awareness and leads to permanent changes and reductions in energy consumption [22] . Passive and active strategies can be mutually reinforcing: on one hand, energy efficiency improvements help to reduce demand, including at peak times and provide more flexibility for load shifting strategies [20] ; alternatively, load shifting can help to reduce overall demand [20] because some consumption activities targeted by load management are not simply shifted, but eliminated entirely. Despite the complementary nature of energy efficiency and load management DSM strategies, program-level coordination of passive and active DSM strategies is still not prevalent [23] .
One potential reason for the apparent lack of coordination may relate to the different motivating factors with respect to each type of program. For utilities, the adoption of energy efficiency is influenced more by regulatory obligations and while the adoption of demand response is driven more by capacity needs and market conditions [21] . In addition, there exists a large number of different and innovative options with respect to smart meter enabled services and measurement, not all of which are applicable for all types of consumers [10] , [16] . For example, despite the potential of more active and automated DSM programs there remains significant resistance and low adoption from residential consumers with respect to direct load control practices [17] , [20] . However, adoption of automated approaches could be improved when appropriate complementary information and services are put in place [16] , [17] and consumers perceive that such approaches reflect an appropriate balance between passive and active energy management, provide environmental benefits to the greater society, and present opportunities for personal financial advantages [12] . Furthermore, by coupling energy efficiency approaches with demand response, it could be possible to increase adoption of demand response by reducing customer discomfort and inconvenience, and by increasing the social acceptability of either manual or automated load shifting [20] .
B. DSM and Smart Grid Technologies
Investment in smart grid technology has increased significantly over the past decade. In 2009, a $9 billion public-private investment in smart grid projects was committed under the American Recovery and Reinvestment Act. This increased investment allowed utilities to initiate a variety of projects and also stimulated the interest of researchers, seeking to understand the implications of smart grid technologies on utilities' DSM activities. Initial results suggest that certain utilities have achieved 25%-37% reductions in peak demand from their pilot projects under this program [24] . Further analytical studies have sought to quantify the potential of the smart grid or to determine models for optimizing energy savings. For example, Logenthiran et al. [18] propose a DSM strategy, which uses a load shifting model formulated as a minimization problem. A heuristic-based algorithm is used to solve this problem, which allows for the management of a smart grid with a large number of different types of devices.
Other studies have approached the subject from the customer perspective. Khan et al. [25] develop a generic model for residential customers to use DSM while reducing their total energy costs and appliance waiting times. Conejo et al. [26] present an optimization model that adjusts the hourly load of residential customers in response to hourly electricity prices in order to maximize the utility to the consumer, while Saravanan [27] proposes an algorithm that considers interactions between the utility and consumers with the objectives of reducing the consumer costs and the average peak demand. Despite the potential for automated routines and algorithms, Zheng et al. [28] , through an agent-based simulation approach, suggest that to achieve greater energy efficiency and cost savings, customers should become more experienced smart meter users through behavioral learning, especially in the case when the use of such technologies are mandated.
While the extant research approaches the question of DSM from different perspectives, a few common points can be retained. First, the research suggests that there is a significant potential to use smart grid technologies to improve DSM. Second, it appears that there is some variation in the potential impacts: there is no "one size fits all" solution. Instead, utilities must be somewhat discriminatory in their deployment of smart meters in order to maximize value. Third, the proposed models largely focus on one category of DSM-demand response-rather than the full range of DSM approaches.
In contrast to the range of analytical research from engineering and technology researchers, we find fewer empirical studies examining the impact of financial and technological investments on utilities' DSM performance. Among the studies, Loughran and Kulick [29] report on a panel data study of the effects of DSM expenditures and number of customers on energy efficiency, using retail sales as a proxy measure for energy efficiency. They find that from 1989 to 1999, DSM expenditures reduced electricity sales, which suggests that DSM investments can lead to increased energy efficiency savings [29] . A similar study by Rivers and Jaccard [30] concludes, not without controversy, that from 1990 to 2005, DSM programs did not have an impact on overall electricity consumption in Canada. Using a similar time period, Gupta [31] finds that from 1992 to 2008 there was a positive effect from the introduction of load management programs, but that the overall amount of peak load reduction was very small, and that there was substantial regional variability. Finally, Bouhou et al. [32] use a mixed regression model including many additional factors in order to model the impact of a consumer's technology on the performance of DSM interventions. The results of this last study suggest that a household's relative technological state (e.g., the presence of a programmable thermostat) has an influence on DSM performance [32] .
Collectively, the literature suggests that DSM program expenditures and available technology choices may contribute to energy efficiency and load management savings. However, the extent of this impact may be limited or variable depending on other factors. Furthermore, many of these studies do not directly measure the impact of smart metering technologies. In one exception, Corbett [9] uses cross-sectional data to examine the relationship between metering technology and energy efficiency effects of DSM programs. In this study, both positive and negative effects are found, depending on the type of metering technology in use [33] . Thus, although some research has been done, there remains a substantial gap in our understanding of the relationship between smart metering technologies, both energy efficiency and load management types of DSM programs, and other characteristics of the DSM program, such as program investments and expenditures.
C. Research Questions
Through this research, we seek to address gaps identified in the literature and extend scholarship in this important area. Specifically, we are interested in empirically assessing the impact of investment levels and metering technology on utilities' DSM performance for residential customers. Our investigation is guided by two questions. 1) What is the impact of metering technologies on utilities' DSM performance? 2) Does greater investment in energy efficiency programs and load management programs lead to greater energy efficiency effects and greater peak load reductions, respectively? We believe that answers to these questions will help in building an affordable, modern, and sustainable electricity system.
III. METHODOLOGY
A panel study using the data from the same utilities over the four-year period from 2009 to 2012 is used for this research. Panel data, where the same units of observation are examined over several periods of time, has several advantages over crosssectional and time series data. By observing the data from the same utilities, panel analysis allows for the control of unobservables that are correlated with the regressors and are specific to certain individuals, but that are time-invariant, or do not change over time. It also allows for the control of unobservables that are correlated with the regressors and common to all of the individuals. Finally, panel data also allows for the study of heterogeneous choices, and the dynamics of individual choices, without making assumptions about aggregation. We chose to use econometric analyses because this method has the ability to quantify relationships "on the basis of available data and using statistical techniques, and to interpret, use and exploit the resulting outcomes appropriately" [34] . This ability to determine a quantitative relationship between variables, such as the number of smart meters installed and the savings from an energy-efficiency program, is necessary in order to allow utilities make decisions regarding their programs.
An example of a panel data model is shown below:
In this model, x it is a vector of independent regressors that explain u it , the dependent variable. The subscript i represents the different individuals in the data, whereas the subscript t represents the different years of data. In addition, η i and u it are independent unobservables with zero mean that make up the error term of the model. The unobservable η i is called the individual effect, or the time-invariant unobservable. This is a factor that is correlated with the regressors and is specific to certain individuals, but which is time-invariant, or does not change over time. The unobservable u it is called the transitory shock or the time-variant unobservable. This factor is correlated with the regressors, but changes over time.
The above model allows us to study the effects of DSM on energy efficiency and load management (as dependent variables) as a result of different forms of metering technology implementation and financial investments (as independent variables). With the above model, we can also control for unobservable factors [i.e., data omitted or unreported in the Energy Information Administration (EIA) database used in this study], such as the specific demographic characteristics of customers or geographic characteristics of regions served by different utilities, by observing changes in the dependent variable over time. While it is possible to use ordinary regression techniques on panel data, they may not be optimal. The estimates of coefficients derived from regression may be subject to omitted variable bias-a problem that arises when there is some unknown variable or variables that cannot be controlled for that affect the dependent variable [35] . (Refer to Section III-C for the specific models used in this research.)
In our study, the fixed effects model is used to perform panel data analysis. It is noted, however, that there are other alternative methods, such as simple linear regression and random effects model, which can be considered for analyzing panel data. The fixed effects model generally assumes that unobserved heterogeneity will bias the estimates (and, thus, we need to control for this), while the random effects model assumes otherwise. The conventional linear regression with ordinary least squares (OLS) generally omits time/space variables and unobserved heterogeneity [36] . To gain some insights to the right approach for our study, a simple regression with pooled OLS was also performed, and it shows that the fixed effects model (using AReg routine) leads to higher values of adjusted R-square than the simple regression. (Refer to the results from pooled OLS analysis given in Appendix A as Supplementary Material). The choice between the fixed effects model and random effects model is discussed further in Section III-B3 where endogeneity is analyzed.
A. Data Description
Consistent with previous studies (e.g., [9] ), data to create the panel was sourced from the United States EIA reports.
Specifically, the data comes from the EIA-861, the Annual Electric Power Industry Report (www.eia.gov/electricity/ data/eia861/). Form EIA-861 data are collected from approximately 2800 utilities annually and have been reported since 1990. Although utilities may engage in DSM across their range of customers (residential, commercial, and industrial), we chose to focus on the residential sector. In this way, our research is consistent with and builds on existing research (e.g., [17] , [20] , [26] , [32] , [37] ). It has also been suggested that residential customers have more varied and complex reactions than industrial or commercial customers [38] . Finally, as a matter of convenience, there are more data available regarding residential customers than any of the other types of customers.
Data were extracted for the period of 2009-2012. 1 In 2012, 789 utilities provided data regarding DSM performance. Out of these utilities, 87 were identified as having the necessary amount of complete data over four years regarding their DSM (energy efficiency and load management) programs: These utilities implemented a DSM program with at least one customer during the four-year periods. With data for each of these four years, a sample of 348 observations 2 was achieved. Relevant data points were extracted for these utilities from the EIA-861 annual reports, including number of customers by metering technology, the effects of energy efficiency and load management programs, and the costs for DSM programs. In addition, descriptive data for each of the utilities was extracted, including: utility location, total number of customers, and ownership type.
1) Dependent Variables:
For dependent variables, we sought measures that best represent a utility's performance in relation to the two main types of DSM programs. The EIA-861 report provides ten different measures regarding this performance. Some of these measures include only new customers, while some include existing programs, and others use an incremental time horizon versus an annual time horizon. For this research we chose measures for annual and actual results, as these seem to be the most applicable to actual performance: annual energy efficiency effects (measured in terms of megawatt hours) for energy efficiency programs, and Annual load management actual peak reduction (measured in terms of megawatts) for load management programs.
2) Independent Variables: As the type of metering technology used by utilities is in a state of transition, the EIA-861 report includes data regarding three types of metering technologies: automated meter reading devices (AMR), advanced metering infrastructure (AMI devices, or smart meters), and net meters. In examining the data, we noted that there was a relatively small number of net meters deployed by utilities as compared to AMR and AMI, and that the correlation between AMI and net meters was very high (r = .93, p < .001). As a result, we decided to use two metering types-AMR and AMI as independent variables in this analysis. AMR devices are meters that collect data for billing and information purposes and transmit this data one way, from the customer to the distribution utility. Technologically, AMI devices, or smart meters, are more advanced than AMR. AMI meters measure and transmit usage data more frequently (e.g., 15 min intervals) and allow for two-way communication between the utility and the device.
In order to assess whether the level of financial investment impacts the performance of DSM programs, the costs of providing energy efficiency and load management programs are included as independent variables. The direct cost of both energy efficiency programs and load management programs are included, which measure the actual cost of implementing these programs. The costs are reported in thousands of dollars. These costs could involve the cost of replacing equipment and meters, labor costs, and other costs of implementation. The incentive costs of energy efficiency and load management programs are also included. These costs involve the payments made to residential customers in order to create an incentive for them to participate in these programs. These could be one-time lump sum payments or could involve a calculation of an incentive per megawatt of electricity saved by the consumer. Finally, we include the combined indirect cost of these two programs. Indirect costs are costs associated with either type of DSM programs, but that are not directly relevant to the implementation of the program. These could involve administration, marketing, or monitoring and evaluation costs. It is assumed that the direct, incentive, and indirect costs noted above represent the utility's decision regarding the amount of investment in these two DSM programs.
3) Control Variables: Three control factors-utility size, ownership type, and location-were included in the analysis as they could have an influence on DSM performance. For utility size, the total number of customers was used because it is easily understandable and relates to the independent variables of number of meters. For ownership type, we followed Corbett [9] and regrouped the ten different ownership type categories from the EIA report into two categories and created a binary control variable to represent whether the utility is investor-owned (=1) or noninvestor-owned (=0). An analysis of variation (ANOVA) showed a significant effect of ownership type on energy efficiency F(1348) = 26.97 p < 0.001 and load management F(1348) = 19.88, p < 0.001. The third control variable was location because different challenges and opportunities may exist for utilities across regions due to regulatory environment and climatic conditions. A binary control variable was created for utility location. Using the 2012 State Energy Efficiency Scorecard rankings, the utilities in the top ten energy efficient states were coded as 1, and the utilities in all the other states were coded as 0. 3 The ANOVA comparing the means between these two groups indicated a significant difference in the effect on energy efficiency F(1348) = 11.88, p < 0.001. However, there does not appear to be a significant difference in the effect on load management F(1348) = 1.46, p = 0.2276.
B. Quality Assessment of Data
As the EIA-861 report data have been used in previous studies [9] , we had a reasonably high degree of confidence in the quality of the data. Still, we conducted appropriate tests to verify the characteristics and suitability of the data.
1) Normality and Outliers: Normality was assessed through frequency statistics, histograms, and skew and kurtosis tests for normality in the statistical package Stata. These tests showed statistically significant (p < 0.001) positive skew and kurtosis for all the variables as reported in Table I . These results are not surprising given the composition of the U.S. electricity sector: there is a large number of relatively small utilities and a smaller number of very large utilities. Although log transformations of data can be useful as remedies for outliers and failures of normality, they are not universally recommended and may have limited benefits when variables have similar distributions [39] . In addition, data transformations may result in unintended results [40] and make the interpretability of results more difficult [41] . In light of these concerns and lacking a theoretical basis for transforming the data, we retained the untransformed values in the analyses.
Cook's distance was used to identify and evaluate the influence of outliers in the data. This test measures "the aggregate change in the estimated coefficients when each observation is left out of the estimation" [42, p. 6] that shows whether a large change would occur if the influential cases were omitted from the regression model. Typically, data with a Cook's distance greater than 1.0 are considered potentially influential and worthy of further investigation [39] , [43] . For both energy efficiency and load management, two observations had a Cook's distances greater than 1. Upon further analyses, we decided to retain these observations in the dataset.
2) Collinearity: Collinearity diagnostics for an energy efficiency model showed that the variance inflation factor (VIF) was greater than 10 in the case of three variables, namely AMI metering, net metering, and direct cost of energy efficiency programs. Variables with VIFs greater than 10 may merit further investigation, because this suggests that the variable could be considered a linear combination of other independent variables [44] . Thus, there may be a threat of multicollinearity when the variables AMI metering, net metering, and direct cost of energy efficiency programs are included in the model. All models created should be examined for multicollinearity, and these variables should be considered as candidates for exclusion from energy efficiency models. To reduce the potential risk associated with multicollinarily, we decided to remove the variable net metering (as discussed above). However, we decided to retain the AMI metering and direct cost of energy efficiency programs variables Load management peak reduction = β 0 + β 1 number of consumers + β 2 ownership type + β 3 location − β 0 + β 1 number of consumers + β 2 ownership type + β 3 location + β. 4 number of AMR + β 5 number of AMI + ε (6) + β 4 number of AMR + β 5 number of AMI + ε (7) Model 5 Energy efficiency savings Load management peak reduction = β 0 + β 1 number of consumers + β 2 ownership type + β 3 location − β 0 + β 1 number of consumers + β 2 ownership type + β 3 location + β 4 number of AMR + β 5 number of AMI + β 7 direct cost EFF + β 4 number of AMR + β 5 number of AMI + β 7 direct cost LM + β 8 incentive cost EFF + β 9 indirect costs + ε (8) + β 8 incentive cost LM + β 9 indirect costs + ε (9) as these variables are core to answering our research questions. The correlation matrix for the variables is shown in Table II .
3) Endogeneity:
Endogeneity is present when a regressor is correlated with the error term and can cause biased parameter estimates. Endogeneity can be caused by omitted variables, measurement error, and simultaneity [45] . Methods of controlling for endogeneity, such as the fixed effects model and random effects model, can be used with panel data when there is the possibility of omitted variables in the model. To choose between the two models, we first conducted the standard Hausman test, but the difference of the two covariance matrices were not positive definite, thus, the statistic may not be accurate. To deal with this issue, we used Stata to conduct Hausman test with the options Sigmamore/Sigmaless for both energy efficiency and load management. The option Sigmamore specifies that the covariance matrices are based on the estimate of disturbance variance from the efficient estimator, while the Sigmaless option specifies that the matrices are based on the estimate from the consistent estimator. When both of these options are used, the differences are no longer positive definite and the results are very similar. The Sigmamore and Sigmaless test results for energy efficiency and load management are given in Appendix B (as an online resource). From these tables, because the p-value is less than 0.05, we reject the null hypothesis that the difference between the estimators is small and that the random effects estimator is consistent. Thus, the fixed effects model should be selected, since the random effects model is inconsistent and the individual effects appear to be correlated with the regressors. Therefore, it is on this basis that we report our findings in this paper.
C. Model Descriptions
In order to test for the effects of different independent variables, hierarchical regressions are performed. Specifically, four models are created for both energy efficiency savings and load management peak reduction as shown in Table III . The first model includes only the control variables, while in the next two models the number of customers with AMR metering and AMI metering are added. This is done to help isolate the impact of different metering technologies on DSM program performance. A positive beta indicates that adding more of the certain type of meter improves the performance of the DSM program, while a negative beta indicates a drop in performance if more meters are added. The fourth model adds the direct, incentive, and indirect costs for DSM programs.
IV. RESULTS
A. Energy Efficiency Effects
As shown in Table IV , Model 4 is statistically significant and the variation in this model's independent variables explains 98.67% of the variation in energy efficiency savings (F = 83.84, p < 0.001). All of the other variables are individually statistically significant. With respect to metering technologies, the beta coefficients for both types are positive and significant. Accordingly, this model suggests that additional AMR and AMI meters will have a small positive impact on energy efficiency savings. For example, AMI metering's beta of 0.649 suggests adding one additional smart metering customer will increase the utility's energy efficiency savings by 0.694 MWh. Similarly, the betas for direct cost and incentive costs are positive, with direct costs having the greatest impact. The results suggest that an additional thousand dollars of investment directly into energy efficiency programs has the largest impact, with an increase of 4.52 MWh of savings, whereas an additional thousand dollars of incentive payments leads to an increase of 2.50 MWh of savings. 
B. Load Management Performance
The results for load management are presented in Table V . With respect to load management peak reduction, the variation in the independent variables in Model 4 explains 69.47% of the variation in the dependent variable (F = 3.28, p < 0.01). Model 4 also shows very small positive, but statistically insignificant betas, for the variables AMR metering and AMI metering, which suggests that increasing the number of meters has almost no influence on the performance of load management programs; however, no firm conclusions can be drawn. Unlike the results for energy efficiency effects, incentive cost is the only investment variable that is statistically significant in Model 4. The negative beta coefficient of the incentive cost measure suggests that increasing the amount of incentives given to participants in load management programs will marginally reduce program performance.
V. DISCUSSION AND IMPLICATIONS
Our goal in presenting this research is to contribute to the development of a modern and sustainable "smart" grid by examining the relationship between metering technologies, financial investments in DSM programs, and DSM performance. In this respect, a number of observations are worthy of further discussion.
A. Impact of Metering Technologies 1) Energy Efficiency:
Our first research question asked what the impact of metering technologies was on utilities DSM performance. In the case of energy efficiency programs, the answer seems clear: the number of meters -whether AMR or AMIhas a positive influence on the energy efficiency effects associated with DSM programs. Taking a managerial perspective, perhaps this result is simply a reflection of Peter Drucker's wellknown adage "you can't manage what you can't measure." In the case of energy efficiency, meters provide valuable information to utilities and electricity consumers regarding consumption levels and the impacts of different energy efficiency investments, allowing them to make better decisions. For utilities this may allow better decisions with respect to the design and promotion of energy efficiency programs, whereas for consumers, the increased information may enable them to become more engaged in utility-sponsored programs.
That being said, the results suggest that there is an additional value associated with more advanced technologies and builds on the idea that the technological state of the home may influence consumers' responses to various DSM initiatives [32] . As compared to AMR, the influence of AMI on energy efficient savings is stronger. In this respect, our results are consistent with previous research suggesting positive relationships between smart metering and energy efficiency (e.g., [9] , [16] ). To achieve these savings, both consumers and utilities play a part. The rollout of AMI, with their advanced informational and communication capabilities, has permitted utilities and third-parties to develop ancillary smart grid enabled services [12] , such as in-home and mobile electricity displays, as well as offer different informational resources, such as interactive websites, informative billing, and consumption feedback [16] . Through these services and informational resources, consumers gain access to detailed consumption details and regular feedback that permit consumers to better understand their electricity use, make more informed decisions about participation in utility programs, and adopt appropriate behavioral changes [16] , [46] . From the utilities' perspective, more advanced metering technologies, such as smart meters may provide additional organizational information processing capacities (e.g., data collection, storage, and diffusion) [9] , to better measure the performance of various programs to see which one work better in practice [16] .
Finally, influence of AMI metering on DSM performance may have something to do with the observation that, in response to utilities' requests to reduce consumption, households may seek more energy independence by reducing their reliance of the main electricity grid [47] . They may do so by implementing more energy efficient appliances, consistent with the goals of the DSM program and also by investing in their own small-scale generation capabilities, such as photovoltaic systems. Given our decision not to test the influence of net metering separate from AMI metering, we cannot say for certain if this is in fact the case; however, the results point to the need for further investigation into whether households engaging in distributed generation (and having net metering devices) are more likely to also engage in energy efficiency programs.
2) Load Management Effects: While the answer to our first research question is quite clear for energy efficiency effects, the results are not conclusive with respect to the relationship between metering technologies and peak load reductions associated with load management DSM programs. This result was unexpected and contrasts with previous research suggesting that the use of smart meters to enable demand response can result in substantial electricity savings [e.g., 16]. Nevertheless, the extant literature may also provide some clues to help make sense of these results.
First, low adoption of load management programs by utilities and their consumers may have made it difficult to find statistical and stable relationships between the dependent variables and load management performance. As compared to energy efficiency programs, fewer utilities offer residential load management programs and average investments are lower. In addition, these more active strategies, being relatively new, have experienced a degree of resistance from consumers [17] . For example, research suggests that while consumers may be generally receptive to smart grid technologies and demand shifting [17] or automation [12] , many barriers stand in the way of actual adoption. With respect to direct load management by utilities, consumers perceive threats from smart meters in terms of loss of control and autonomy (by allowing their utility to control various devices within their home), mistrust the energy providers' motives behind such programs, and worry about threats to personal privacy [12] . Other factors, such as market regulations, household practices and usage behaviors, and the informational and technical aspects of smart meters and load management programs also influence consumers' decisions regarding participation in load management programs [17] .
Even after consumers decide to partake in load management programs, utilities face substantial challenges in keeping them engaged and deriving benefits from the program. For example, technology-enabled behavioral solutions (e.g., demand response) that repeatedly ask consumers to alter their behaviors may be less effective [15] and harder to sustain [47] than other programs requiring a single decision or intervention. This is in part due to the learning that must take place for consumers to develop new behaviors [28] . In addition, when faced with the prospect of automated demand response or the possibility of needing to reduce consumption at specific periods, consumers may adopt alternative behaviors [15] , [47] . In effect, in the face of load management programs, consumers may choose instead to reduce their energy consumption by replacing their inefficient appliances with new ones (captured in energy efficiency effects), rather than participating actively in load shifting. When consumers do not switch their timing of usage or do not allow utilities to adjust their appliance usage during peak periods, there would be little impact on load management performance even with increased investment in these programs by utilities.
Beyond considerations with respect to adoption and engagement, an alternative explanation of our results is that our model fails to capture other important factors, such as customers' willingness to shift their energy use from peak to off-peak periods. For example, a more environmentally conscious or costconscious consumer might be more likely to engage in a load management program and truly change their behavior by shifting their energy consumption to off-peak periods. Furthermore, in response to specific DSM programs, consumers may make strategic decisions that could offset potential benefits [15] or lead them to different behaviors. Although consumers are generally welcoming of smart grid technologies, they have stronger preferences for energy savings and energy efficiency [6] , [17] , which may reduce their likelihood of actively participating in other programs. As our objective was to examine factors within the utilities' control (e.g., metering technology and investments), we did not include factors related to customers in our models, yet this could be a valuable extension to our work as we describe further below.
Continuing with the idea that other factors may be at play, a final explanation could be that smart meters on their own are not be sufficient to produce significant load management benefits such as peak load reductions. In this regard, smart meters could be considered necessary, but not sufficient enabling devices for achieving significant peak load reductions. On one hand, residential consumers may require additional information systems and technologies, such as in-home, always-on displays [46] , home area networks [48] , or mobile applications that provide detailed consumption feedback allowing them to more easily control and shift their consumption loads. Just as for energy efficiency programs, the degree of technology adoption within a home can influence the households' response to DSM initiatives [32] , but this is more pronounced for load management programs because it requires that consumers make repeated decisions about whether to accept the utilities' request for a change in consumption [15] . In the second case, utilities may implement, either directly or indirectly, direct load control programs. For these purer technology solutions, consumers are not required to make consumption decisions once they enter the program. Instead, the utility can directly send signals to specific appliances (e.g., air conditioners, water tanks, pool pumps) to shut off or reduce their electricity demand during critical peak periods. In such an arrangement, referred to as direct-load control, the meter is effectively by-passed because the communications occurs directly between the utility and the appliance. Thus, the metering device is less relevant as a factor of success, particularly if the direct load program is managed by a third party intermediary that combine and manage the load of multiple consumers [48] .
B. Influence of Program Investments
Our second research question concerned the impact of utilities' financial investments on their DSM performance. With respect to program investment costs, our findings show a positive relationship between financial investments and DSM program success. Our research goes further by parsing the different types of costs (i.e., direct, incentive, and indirect) incurred by utilities, showing that investments in direct costs have the greatest impact, followed by inventive costs. This means that customers' energy saving habits are not influenced as much by actual dollar incentives they could receive, but are motivated by such things as advertising or awareness campaigns. Therefore, if a utility has additional investment funds available, it may be more effective to direct these dollars towards the direct cost of the energy efficiency program rather than increasing the amount of incentives given to customers.
With respect to load management performance, the results are less encouraging. Here, direct and indirect costs are statistically insignificant and incentive costs have a small, but statistically significant, negative influence on peak load reductions. We propose two potential explanations for this result. First, there may be spillover effects between different types of DSM programs. It is likely that residential customers who sign up for load management programs are likely those who are most concerned about their electricity bills. Therefore, in order to save money, they also tend to conserve their energy usage overall and partake in their utility's energy efficiency programs. In this respective, costs associated with promoting and incentivizing participation in load management programs may actually have some spillover effects onto the energy efficiency programs without it being captured as part of peak load reduction.
Second, utilities may have developed an over-capacity with respect to peak load shifting. Two common incentive plans are sign-up payments (e.g., a stand-by fee) and flat-rate incentive payments for participation in a program (e.g., customers receive $5 per month for installing a control device on a hot water heater). Utilities pay these incentives regardless of whether the customer is called upon to shift loads during critical peak periods. Most of the incentives are likely provided to customers with AMR or AMI meters, but according to our results (see Table V ), none of the device types has any significant effect on load management. As a result, demand fluctuations from year to year could have caused the negative relationship between incentive cost and load management since the metering technologies intended for load management were underutilized. In other words, it is possible that some customers may not be called upon to reduce their load.
In terms of over-capacity, it is also important to consider the interactions between passive and active DSM strategies. Both energy efficiency programs and demand response can be used by utilities to support capacity adequacy as a cost effective alternative to new electricity generation [21] . However, as discussed previously, each of these programs responds to different motivations and provides different benefits to utilities [20] . Being a dispatchable resource with relatively short-term (nonpermanent) benefits, demand response provides utilities great flexibility, but they cannot ignore the effects of energy efficiency programs in their capacity planning. More specifically, utilities must be attentive to the permanent reductions in peak load that result from energy efficiency programs in order to avoid excess capacity procurement [20] , [21] . In addition, utilities are advised to adopt measurement and verification procedures that consider the possibility that consumers may engage in both types of programs [21] . Practically, the actual peak load savings from energy efficiency programs may be relatively small, but under certain conditions, it could create over-capacity situations and confound the evaluation of load management program performance.
C. Managerial and Policy Implications
A number of important managerial implications derive from this research. First, given the explanatory power of the energy efficiency model, this model could be used to support decision making with respect to DSM programs. For instance, a utility could input their specific characteristics, such as number of customers, numbers of different meters types, their location, and their level of investment, and then determine what their energy efficiency savings would be on average. Such a decision-support tool could be beneficial as a starting point for determining the level of savings the utility could expect at a certain level of investment, and could help utilities to determine whether any adjustments might need to be made in order to meet their desired program savings. In addition, the estimates could provide a benchmark against which the utility could track and improve its performance.
Second, it will be important for utilities and policy makers to consider the interactions between different types of DSM initiatives in conjunction with transformations occurring on the supply side. As discussed, it is possible that the implementation of demand response programs may indirectly contribute to energy efficiency effects associated with these types of more passive DSM strategies as consumers make tradeoffs and choices in their behaviors responses. In practice, this type of coordination is still not widespread [23] . Thus, rather than treating DSM programs discreetly, utilities and policymakers may be well advised to consider indirect effects and common factors influencing the effectiveness and efficiency of these programs. We also agree with other researchers [10] who have suggested that utilities may want to be more selective in their targeting of customers for different DSM programs. Finally, it will also be important going forward for utilities to consider changes in demand-side activities in conjunction with supply-side activities. Increasingly, there is a link between these two sides of utility operations [47] and a failure to take into account the influence of changing one on the other may create problems for utilities in the future.
Third, it will be important for utilities and policy-makers to be aware of the continuing innovation in smart grid technologies, not just in use by the utilities themselves, but also by intermediary organizations and consumers. As the electricity sector continues to modernize, new information technologies will inevitably be introduced by third parties that could mediate the relationships between utilities and their customers. The advent and adoption of smart appliances and integrated home management systems will also change the landscape of how utilities communicate with their customers and their ability to effect desired changes in electricity consumption behaviors.
VI. CONCLUSION
A. Contributions
The world has set out an ambitious target of making affordable, reliable, and sustainable energy available to all by 2030. Achieving this goal will require the rapid development of a modern "smart" grid. In presenting our research, we hope to contribute to ongoing advancement in this area. In particular, our research makes two notable contributions. First, we provide an empirical examination of the relationship between metering technologies, financial investments, and DSM performance in terms of both energy efficiency and load management. In addition, our research uses panel data over a four-year period that provides greater insight than cross-sectional studies. To date, empirical studies have been lacking in this area and the previous is fragmented, considering only parts of these questions. Through our paper, we provide a more comprehensive view into the interactions between these factors and their implications for success. A second important contribution of this research relates to the managerial and policy implications that derive from our findings. Specifically, we highlight the fact that demand-side and supply side activities must be considered and managed more holistically by utilities, taking into account the impact of one on the other. We also highlight the importance of being aware of the emerging technologies. While the promise of the smart grid is to permit the development of new functionalities and applications [4] , this may also be one of its greatest challenges.
B. Limitations and Future Research
The most important limitation of this research concerns the data sample that is restricted to 78 utilities in the United States over the period from 2009 to 2012. The extent to which these data are representative of all utilities around the world affects the generalizability of the results. Without a doubt, different jurisdictions have different regulatory regimes, energy concerns, national cultures, and sustainability preoccupations that could lead to different outcomes. By considering relevant research conducted in other countries, we believe that there is a reasonably broad applicability to our findings. That being said, future research that attempts to replicate this study in other jurisdictions would be welcome and could provide interesting insights into the development of smart grid on a global scale.
Second, the statistically insignificant results related to load management limit our ability to draw any firm conclusions with respect to the relationships between technology, program investments, and peak load reductions. The results obtained for load management do not necessarily mean that such programs are not effective, but rather that the critical explanatory factors, whether consumers' attitudes, household responses, or other technologies, may not have been captured in the EIA database and our model. This is a particularly important area for future research because the ability to manage demand in a more dynamic and real-time fashion has been touted as one of the main benefits of smart meters. If nothing else, our research raises questions about that potential. We encourage research that seeks to identify the technological, organizational, individual factors that contribute to reductions in peak loads as part of load management DSM programs. Such research could consider both pure technology solutions that involve direct control and intelligent systems, as well as technology-enabled behavioral solutions in which technology and consumers interact in order to achieve desired changes in consumption patterns. This type of research will be essential for turning the promise into reality and will aide utilities and policy-makers in the design and development of effective programs.
C. Final Word
The United Nation's SDG of ensuring universal access to affordable, reliable, sustainable, and modern energy is an ambitious target that will require the engagement of all stakeholders and collaboration between practice and research. Information technologies associated with the smart grid will play a key role. Given the urgency of the goals and increasing constraints on resources it is essential that we seek to minimize waste of all types-of money, time, information, and technologies. We hope that our research has helped to build our collective knowledge in this area and provide concrete directions for moving forward. The job now is to ensure that the smart grid and its related technologies and programs are mindfully developed and implemented so as to provide positive, sustainable outcomes for all.
